This chapter provides a comprehensive analysis of noninvasive methods to diagnose stator winding insulation faults of an induction motor. Further, a novel noninvasive method is proposed to diagnose the root cause of winding failure due to unbalanced voltage to avoid catastrophic failure. Therefore, a winding function approach is utilized to derive an analytical expression for stator winding distribution and magnetomotive force (MMF). This tactic qualifies the conductor segment that generates MMF, and it also helps to analyze a healthy current spectrum. One can easily observe higher order harmonics in current spectrum; therefore, a new series of rotor harmonics is introduced to diagnose unbalanced supply. The locus of these harmonics is dependent on the poles, rotor bars, and slip. Due to the rapid complexity in industrial plants, it is inconceivable to continue human inspection to diagnose the faults. Thus, to avoid human inspection, in addition to new series of rotor harmonic, a fully automatic method based on neural network is proposed. This method not only diagnoses unbalanced voltage but it also recognize the percentage of unbalanced voltage by use of feed-forward multilayer perceptron (MLP) trained by back propagation. Finally, the experimental results shows the validation of this research work proposed method.
Introduction
Condition monitoring is of a great concern to ensure continue production, reliability, and consequently, avoid catastrophic failures. Therefore, online condition monitoring of induction motor has become a subject of interest and a challenging task for the protection of a motor [1, 2] . In induction motor, the most critical component, which is also considered the main source of motor failures, is stator winding insulation failure [3] [4] [5] [6] . Over the last few decades, numerous surveys have been carried out on the reliability of induction motor. It has been experienced that 37% of motor failure is due to insulation breakdown.
It is found that unbalanced voltage is a major source of insulation breakdown. The unbalanced voltage results in an unscheduled shutdown of the process and causes enormous costs. Thus, it is desirable that the misalignment in the voltage source, which can result in a severe failure, should be identified at an incipient stage. A substantial amount of work has been proposed based on current and voltage [7] , current residue, the phase shift in current and voltage [8] , and sequence components [4, [9] [10] [11] . The majority of the methods to diagnose the unbalanced voltage essentially (invasive or noninvasive) monitor single or multiple indicators of stator faults. Most of the latter are extracted from a signature analysis. Therefore, it is important to be familiar with the spectrum of a healthy motor, which is a challenging task due to the complexity of electromagnetic processes, time, and space variables of an induction motor. Conversely, it is essential to have a mathematical modeling that enables to extract a geometrical representation of the motor. Beside this, to interpret the results from the mathematical model it is necessary to introduce an appropriate analytical model. The modeling of stator conductor segments and MMF is a most reliable approach to execute correct interpretation of induction motor.
As mentioned earlier that the unbalanced voltage is a major source of insulation breakdown, therefore, the aim of this paper is to diagnose this fault at an incipient stage. The unbalanced voltage can lead to turn-turn fault, phase-phase fault, phase-ground fault, and even a destructive effect on the stator core. During the last few decades, the condition monitoring of induction motor has become a vigorous area of research. Substantial work has been executed to propose and develop various techniques and methods to diagnosis motor faults. Through most relevant literature, three major classes of methods are discovered which support the task of fault monitoring [8] . The first class is based on a signal analysis [12, 13] that uses spectra in a frequency domain, time domain, time-frequency domain, and high-order harmonics. The second approach is based on analytical modeling [14] that involves mathematical models to measure input and output feature such as residuals, state estimation, and parameter estimation that incorporate the artificial intelligence (AI) to online automate analyze the health of induction motor through measured signals [15] . In engineering the AI tools are of great significance to solve various complex problems [16, 17] . The AIs are classified into four different groups as an expert system, genetic algorithm (GA), fuzzy logic, and artificial neural networks (ANNs) [18] . This paper aims to analyze the current spectrum of the induction motor to diagnose and distinguish between balanced and unbalanced voltage against the different level of unbalanced voltage. In the first part of the chapter, a comprehensive analysis of noninvasive methods is presented to diagnose electrical faults. While in the second part, an analytical model is derived for the conductor segments, which are responsible for the generation of MMF. In third part, a reminiscence is carried out on MMF and an expression is derived to modify MMF with reference to the slot conductors that play an import role in the generation of MMF by introducing all harmonics terms that have influence in MMF waves. Further, a novel noninvasive technique based on ANN is presented in Section 6 along with results and test procedure to diagnose and distinguish unbalanced voltage at incipient stage in order to avoid catastrophic failure. Finally, conclusions and future work are presented in Section 7.
Noninvasive stator fault diagnosis methods
Diagnosis of stator winding insulation failure has been extensively studied. Some of the approaches are based on laboratory tests while other are based on experimental results and analysis through simulation. Mostly, the researchers divide the diagnosis techniques into two main categories, i.e., invasive and noninvasive. Although invasive fault diagnosis methods help to diagnose the defect but it has many drawbacks, some are mentioned as: most of the invasive techniques are offline or sensor bases, for installation of the sensors the normal operation of an induction motor is disturbed. Moreover, by influenced operation of contiguous equipment, there is no proper capability to diagnosis the weak faults. In contrast, noninvasive methods make use of stator current and voltage, or other important electrical quantities. There is no constraint of sensors to be installed. It is a cost-effective approach because in industries, current and voltages are usually measured, thus the economic cost of current and voltage measurement is not imposed on the system. Therefore, noninvasive methods in recent years are preferred over invasive. The next subsection describes the operating principle of noninvasive indexes of how the stator winding faults are diagnosed.
The air-gap torque
The air-gap torque between the stator winding and the rotor is induced by current and flux linkages that are sensitive to asymmetry caused by unbalanced voltage supply. The fault can be diagnosed by stator current and voltage. The motor with interturn short circuit will generate forward and backward rotational fields; the forward rotational field has a constant torque with correspondence to the motor rotating field, while the backward rotational field has twice the oscillating torque as compared to motor supplied frequency [19] . Therefore, the frequency of backward rotating field may be used as an interturn fault index. However, the induction motor with unbalanced three-phase voltages also accesses the same oscillating torque component. This index may be an expensive approach because it requires measuring both current and voltage. Moreover, this index cannot distinguish between interturn and unbalanced voltage.
The stator line current
The stator line current is the index that may be used to reflect a variety of noninvasive indexes to diagnose interturn fault. The stator line current indexes are briefly described in the succeeding text. First, consider three current sequences positive, negative, and zero of a three phase as follows:
where a ¼ e j2π=3 . The healthy induction motor without any fault or symmetry has zero current for a negative sequence, whereas the interturn fault in motor generates considerable negative sequence current. While there is minute change observed for positive sequence current, there is no effect of load variation on the negative sequence current, but it is highly sensitive to the imbalance of the supply voltages and can easily inherent asymmetry [19] . Therefore, this index does not properly indicate the interturn fault and unbalanced voltage.
Park vector estimation, analysis uses the machine line current to diagnose interturn faults [20] . Under healthy condition, the motor Park vector pattern corresponds to a circular pattern. While in the occurrence of interturn short circuits, the Park vector pattern manifests to an elliptic representation and with the severity of fault the ellipticity increases. Through experiments and simulation results it has been proven that Park vector is a reliable approach to detect the interturn fault but does not investigate unbalanced voltage supply [20, 21] .
In induction motor, the motor current signature analysis (MCSA) is the most extensively used diagnosis index [22, 23] . It is observed that current spectrum is also affected by unbalanced voltage supply. Thus, the current spectrum will have third-order harmonics under interturn as well as under unbalanced conditions. Therefore, MSCA is confused with the similar behavior of induction motor harmonics under faulty and unbalanced conditions. Hence, MCSA approach is not a reliable index to sufficiently identify the faults.
Power
The instantaneous electrical power is one of the reliable faults diagnose indexes for induction motor [24] , and some of the power frequency components have been identified as the stator windings fault index [8] . Power frequencies are only dependent on the severity of the fault but independent of the speed. The major factor that makes this index less reliable is that it is influenced by peripheral factors such as inherent asymmetries, unbalanced supply voltage, measuring equipment, and load variations. It is an expensive fault index because this requires measurement of both voltage and current signals.
Sequence impedance matrix
Negative sequence apparent impedance is a noninvasive method and is used as a fault index to detect stator winding faults [25, 26] . The impedance is obtained through the phasor voltage and phasor current. When interturn fault occurs, the impendence of the motor will be disturbed. In this way, the change in the impedance is an indication of the faulty motor. This index is less sensitive to load variation and unbalanced voltage. Therefore, it can be a preferable method to diagnose the interturn stator winding faults, but it is a bit expensive and lengthy approach because both the signal voltage and current have to be monitored.
Stator voltage
Stator voltage is also used as an index to detect the stator winding faults [27, 28] . By adopting this approach, the algebraic sum of three-phase voltages is useful because this approach relies on the variation of residual voltage caused by an interturn fault. For healthy motor, the residual voltage is zero, while it is nonzero for an interturn motor. In a real scenario even in the healthy induction motor, there are no balanced three-phase windings. Therefore, this index is less reliable under load conditions. In this method, machine voltage harmonics are observed by disconnecting the terminals [27] , so this method cannot be applied for online condition monitoring. After disconnecting the voltage terminals, the odd harmonics of the motor are observed and used as interturn fault index [28] .
From the above-mentioned methods, none of the methods is capable of distinguishing unbalanced voltage. Thus, to tackle unbalanced anomalies at the incipient stage all the three classes of conditioning monitoring techniques are implemented in this research to diagnose unbalanced voltage at incipient stage, i.e., signal analysis class, analytical modeling class, and knowledge-based class.
Analytical expression for spatially distributed stator winding
In induction motors, the armature winding is at the stator side between the stamped slots. Figure 1 shows a stator with 12 slots and it can be illustrated that the winding in an induction motor is not a single coil but is composed of a number of coils that are spatially distributed and placed in the axial direction to provide room for the generation of magnetic flux.
Moreover, the stator winding of an induction motor is distributive in nature and can be elucidated either by a discrete or by a continuous formulation. The discrete description refers to the number of conductors in a slot while continue distribution is based on the density of the windings. However, the conductors of stator winding are not placed in a continuous manner, but rather are located in the slots. As the conductors have a physical size, which could be viewed with sufficient resolution, therefore, the stator winding can be described mathematically to derive an analytical expression for the conductor segments that are responsible for the generation of MMF that is the first task of proposed work and each slot is partition down to slot and end conductors as shown in Figure 2 .
The main focus of this section is to derive an analytical model for the slot conductors that are oriented in axial direction. The reason to focus more on slot conductors is that these windings are the portion of stator conductor that establishes MMF and that is involved in the production of a torque. Figure 1 (a) illustrates the stator of induction motor with 12 slots, whereas the stator windings are located in each slot. The notation W ss,i indicates the conductors in the ith slot where "as" refer to phase-a of the stator winding. The conductors in the slots are shown as open circles. Subsequently, the notation can be used to derive an expression for the segment of slot conductors. For more generalize case, generalizing this notation, W ss,i is the conductors of any phase in slot ith of winding:
W ss, i uðW ss, i Þð 4Þ Figure 3 is a version of a developed diagram of the stator winding of induction motor. In this developed diagram, instead of front or back view of a machine, the angle of vision is from the center of a stator to outward. Within the slots, W x,i denotes the number of slot conductors of i th slot. Where, W os and W is are the variables representing front end conductor directed to the left or right, respectively. It can be illustrated that for a symmetrical induction motor without any fault, these conductors are same in numbers as given in expression: In most of the induction motors, the stator winding is multilayered that contains conductors from multiple windings (phases) as shown in Figure 4 . Conductors out of the slot are known as end conductors and are of importance because they contribute to the inductance and resistance of the winding. Thus, total end conductors are given as in Eqs. (6)- (7).
Wi ss, i ð6Þ
E ss, i uðE ss, i Þð 7Þ As the stator winding is segmented into slot and end conductors, therefore the total number of turns associated with the winding will be the combination of slot conductors and end conductors:
E ss, i uðE ss, i Þð 8Þ
Further, to calculate a center of stator teeth and stator slot, respectively, the following expression can be used based on the developed diagram:
where T s represents total stator slots, while ∅ ss and ∅ st represent the center of slot and teeth, respectively.
4. Analytical derivation of stator and rotor MMF with reference to modified slot conductors
Analytical expression of stator MMF
In induction motors, the primary goal of windings is to produce a rotating MMF. Therefore, the windings of induction motors are designed in such a way that the induced EMF or produced MMF consists predominantly of the space-fundamental sinusoidal component. The phase windings of an induction motor are identical but distributed and shifted in space for 2π/3p.T h e winding of each phase occupies one-third of the number of the total slots in an axial direction. The regions of stator winding within the slot known as slot conductors are of great importance because these are the portions of stator conductor that establish MMF and that are involved in the production of torque. The stator MMF is given as [29] F ss ðt, θÞ¼
where M μ a harmonic term, representing the MMF amplitude of each harmonic p, refers to the total number of poles. It can be illustrated through the equation that besides the fundamental MMF there exist MMF waves of, i.e., 5p, 7p, 11p…n pole pairs.
The stator winding is not a simple coil, but it consists of a number of identical coils that are placed in a distributive manner with certain angular coordinates as
W ss is the slot conductors and a is a pitch.
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Analytical expression of rotor MMF
The winding function of stator MMF is nothing else but MMF per unit current. In further text, the concept of stator MMF could be alternatively utilized to derive an expression for rotor MMF. Let us consider the rotor bars as a slot conductor and the end rings of the rotor will form a coil. Consequently, the combination of rotor bars with closed end ring forms coils at the rotor side:
The expression for rotor winding function can be derived by introducing Fourier series over the function in Eq. (13) .
Thus, following expression is achieved for rotor MMF:
Apply product formula:
Referring to Eq. (11), it is clear that besides fundamental MMF there exist MMFs due to additional waves with 5p,7p,11p,…, n. Consequently, the MMF of the rotor will also exit due to additional waves with 5p,7 p,1 1 p. Further, Figure 5 shows test rig designed to experimentally validate and capture MMF of induction motor. The test rig consists of 0.25 kW threephase induction motor with 2 poles, 28 stator slots, and 30 rotor slots. While the spectrum of MMF is captured through PASPORT magnetic field sensor connected to PC through PASCO interface. The advantage of using PASPORT magnetic field sensor is that it offers very high sensitivity and is capable of monitoring the signal from À1000 to +1000 G as shown in Figure 6 . Figure 7 shows MMF spectrum against different harmonics, i.e., μ = 1,5,7,11, and 13 with corresponding μp = 2,10,14,22, and 26. It is more obvious that the additional harmonics waves will depend on the rotor bars and number of poles. Thus, besides the fundamental harmonic, rotor as well as stator MMF will exit for higher space harmonics. The abovementioned series of MMF due to μ harmonic term which could be defined as 
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μ ¼ 6u þ 1;u¼ 0, AE 1, AE 2, AE 3, …:
The higher order harmonics are the consequence of the generation of rotor MMF. Due to analytical and experimental analysis, in this research work, an additional harmonic term "μ" is introduced to a rotor MMF. The rotor loops are 2π/R apart from each other with a phase shift of μ.p.2π/R,; therefore, the frequency and the magnitude of the current will be same. The MMF in the consecutive rotor loop will be
The resultant MMF of the rotor will be the resultant of all the rotor loops along with all the harmonics.
The harmonics in the rotor is due to fundamental and waves with 5p,7 p,1 1 p, …, n poles. Moreover, from Eq. (19) through inspection, it is found that more prominent MMF waves exist if x = AEμp as well as x ¼AElR þ μp or x ¼AElR À μp where, l ¼ 1, 2, 3…. Suppose if it is stated that x should be a positive integer, then MMF waves only exist for higher order harmonics, i.e., x ¼jAE μpj, x ¼jAElR þ μpj and x ¼AElR À μp. Thus, for each of these waves in addition to fundamental MMF x ¼jAE μpj, there are rotor harmonics at x ¼jAElR þ μpj with respect to the waves with 5p, 7p,1 1 p, …poles. If these MMFs are observed from stator side, they will have the following expression:
To validate and justify aforementioned discussion, the spectrum of MMF is obtained against harmonics of (μ = 1, 5, and 7) with respect to wave with 5p,7p,11p, …poles. From Figure 8 ,itis obvious that against fundamental wave with, i.e., μ = 1, there will be rotor harmonics of order R À μP, R þ μP,2R À μP, and 2R þ μP, i:e:, 8th, 32th, 58th, and 68th as shown in Figure 8 (a). For μ = 5, the rotor harmonic of order 20th, 40th, 50th, and 70th are shown in Figure 8 (b). Similarly, for μ = 7 and rotor harmonic are of order 16th, 44th, 46th, and 74th as shown in Figure 8(c) . Similarly, the MMF at the stator side will exit for 5p,7p,11p,…. Further, this rotor harmonic will be useful to diagnose the faults. 
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Analysis of unbalanced voltage and its effect on MMF
As mentioned earlier, unbalanced voltage supply is one of the major sources of stator winding failure. Under unbalanced voltage, the symmetry of induction motor is disturbed and the effect of unbalanced voltage is equivalent to negative sequence voltage. Motor acts as two different motors, one for the positive sequence and the other for the negative sequence. Each set of the sequence will produce corresponding balanced currents and the synthesis of the two sets of current is an actual current produced by the original unbalanced voltages. The response of a motor to the positive sequence voltage is the same as for normal voltage. However, the negative sequence currents set up a reverse MMF, so if a slip of a motor is (s) with respect to the positive sequence field, it will be (2-s) relative to the negative sequence MMF. Moreover, a motor behaves as two separate motors, one running at slip (s) with a terminal voltage while the other running with a slip of (2-s).
Fault diagnosis system through experimental results
For a reliable fault diagnostic method, it is essential to have a good understanding of the motor response for healthy and faulty conditions. To eliminate additional cost for monitoring scheme, it is important to find out the fault through current signature. The current signature can be easily measured and are most sensitive to any fault. Moreover, the cost of current monitoring is not imposed on the system because in every industry the current sensors are embedded. Thus, in proposed work, two methods are proposed to diagnose unbalanced voltage. In the first method, unbalanced voltage is diagnosed through an efficient MCSA technique. Due to the rapid complexity in industrial plants, it is inconceivable to continue human inspection to diagnose the faults. Consequently, to avoid human inspection, in addition to MCSA, AI-based ANN high performance fully automated method is proposed.
Diagnosis of unbalanced voltage through harmonic component
It is reported that MCSA is a noninvasive and an economically most suitable method to diagnose motor faults. Thus, the basis of MCSA is of fundamental importance to diagnose unbalanced voltage supply. Asymmetry in the power supply will generate negative sequence current that will produce a backward rotating field at double slip frequency with respect to the forward rotating rotor. The MMF that is caused by both the fields will induce voltage and current at the stator side, and the effect of this current will be more prominent at newly introduced rotor harmonic frequency given as
where, N r and p represent rotor bars and poles, respectively, while s and F s are the slip and applied frequency, respectively. It can be analyzed through modified expression of rotor harmonic that spectral content of current will be more prominent at these frequencies.
Experimental diagnosis of unbalanced voltage
To validate the proposed methods at an incipient stage, experimental data and justification are required. For this purpose, a number of experiments are carried on the induction motor. The motor is assembled and designed in electrical machine lab to study the behavior of the motor under different degree of unbalanced voltage in a single phase.
The block diagram and a testbed are shown in Figures 9 and 10 , which are composed of a three-phase squirrel cage induction motor connected in star layout with, two pole pairs, variable adjustable voltage. The variation in the voltage supply is achieved through LabVoltage variable Power supply model 8821-2A. For data acquisition, FLUKE interface and PC are used. Table 1 shows the rated specification of the motor that is used for an experiment, while Table 2 shows the percentage unbalanced voltage that is introduced through variable Power supply model 8821-2A. Fault Diagnosis and Detection Figure 11 shows the experimental results of current signature of three-phase induction motor supplied with a perfectly balanced voltage source. Referring to analytical expression (24) , from the current spectrum, it is obvious that the current harmonics components at 450 and 550 Hz are due to induced EMF. It can easily be seen that the new series of rotor harmonic are the most prominent in the current spectrum. Hence, these frequency components in the current spectrum can be selected as yardsticks to measure the effects of unbalanced voltage.
To investigate the effect of unbalanced voltage, the percentage unbalanced in a single phase of an induction motor is varied through Lab-Voltage variable Power supply model 8821-2A. Further, the system response is analyzed through a new series of rotor harmonic. It is obvious from Figures 12-14 that show that with the variation in the voltage supply there is a significant variation in the amplitude of the harmonic component at 450 and 550 Hz. It is also apparent that the amplitude of these harmonic is directly proportional to the degree of unbalanced voltage. Thus, the increase in the degree of unbalanced voltage will significantly increase the harmonic components at 45 and 550 Hz. Unbalanced voltage supply has drastic consequences on the motor operation because it can lead the current 6-10 times higher than the nominal rate. The increase in current will be much severed for the winding because even a 10% increase in temperature damages half of the winding insulation and results in short circuit. Thus, the proposed method will be a more appropriate and noninvasive technique to diagnose unbalanced voltage supply at in incipient stage and avoid catastrophic failure. 
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6. Fully automated detection of unbalanced voltage
ANN classifier design
The recognition of the pattern has been a key factor in the growth of fault diagnosis methods. Over the last few decades, automated techniques adopting the ANN have attracted the researchers due to excellent innovation in various industrial applications such as aerospace, pneumatic, chemical, and renewable energy. Similarly, in an electrical field, a major part of the research has been conducted on parameters such as identification in control systems, power system, and particularly detection of induction motor faults. The ANN is most feasible and reliable approach because these techniques are less model dependent of the process and in their generalization capacity. Moreover, ANN provides interpretation of real-time tracking by accommodating variation in the learning data. This efficiency is dependent on the choice of the data that are selected as inputs representing the defects. Hence, the ultimate obligation for effective implementation of ANN to diagnose the exact fault is the availability of relevant rich statistics that are identified as an input data for each fault. Therefore, it is compulsory that the input data of ANN should be meaningful indicators of the faults. Selection of such a data set is not an easy task. However, a convenient way is to select the parameter as a fault indicator that gives the most information about the fault and discard the rest [30] . In this work, feed-forward multilayer perceptron (MLP) ANN is used while the ANN is trained by the back-propagation (BP) algorithm.
Description of the proposed method
The choice of eccentricity harmonic detection, which increases the discernment between healthy and faulty motor, is of great interest that most of the researchers look for. From experimental results, most of the researchers confronted with the fact that the amplitude of third-order harmonic was considered alone distinction criterion between the healthy and unbalanced voltage source, which is not sufficient owing the unbalanced condition because the third-order harmonic also exits for a perfect balanced source. In proposed work, the main focus is to use ANN technique in such a way that it is able to identify and declare healthy or faulty condition after reception of each data set. To acquire the desired results, certain stages must be carried out such as relevant input variables, output variables, and layers and neurons in each layer as shown in Figure 15 .
The proposed method is based on the current signature of an induction motor. From the current signature, two indicators of voltage unbalanced are extracted, i.e., (I-1, I-2) based on new series of rotor harmonic (Eq. (20)). As shown in Figure 16 , these indicators are fed to the ANN for automatic fault detection. The computation of this input is performed as illustrated in Figure 16 . Initially, fast Fourier transformer (FFT) is performed at line currents to extract the magnitude and the phase angle of each line current. After that, the magnitude and phases of certain harmonic components are extracted and fed to ANN. Accordingly, the used multilayer feed-forward neural network with two input and four outputs is depicted in Figure 16 with:
The magnitude of new series of rotor harmonic.
I-2:
The phase angle of new series of rotor harmonic.
The neural network approach to diagnose unbalanced voltage is carried out in two phases, i.e., training and testing. In the first phase known as training phase, the ANN is automated trained to capture the underlying relations among inputs and desired outputs. While in the second phase the results are computed through ANN testing, the data set used for testing is random, Figure 15 . ANN architecture.
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which is not used before to check the efficiency of ANN. Note that in this proposed work, experimental data are collected for the testbed designed in electrical machine lab. The variation in the voltage supply is achieved through Lab-Voltage variable Power supply model 8821-2A.
Experimental results of the proposed ANN technique
Testbed description
To validate the proposed methods, experiments are carried on the induction motor. The testbed is shown in Figure 10 , and its parameters are listed in Table 1 . The variation in the voltage supply is achieved through Lab-Voltage variable Power supply model 8821-2A. For data acquisition, FLUKE interface and Intel (R) Xeon (R) computer having CPU E5-1650V2@3.50GHz, 64 GB RAM, and 64-bit operating system are used. Furthermore, for data acquisition, these analogy sensors are connected to PC through FLUKE interface. A total of 2040 samples of data for each class from FLUKE interface are interpreted by MATLAB (R2015a) software in order to compute the desired harmonics and the phase shift of each phase. This task is carried out through developed algorithm and the achievement of the fault diagnosis task by the NN.
In this research, different sequences of tests are conducted on the motor. The results of these tests are the basis to carry-out the next two phases of fault detection technique, i.e., training and the test phase, in order to experimentally validate the performance of the NN. The tests are conducted by configuring degree of unbalanced voltage in phase-C, for the following variations: Figure 16 . Model of proposed ANN multilayer feed-forward neural network.
1. All the three phases are perfectly balanced.
2. Phase-C with 7.5% of unbalanced voltage while other two phases with nominal voltage.
3. Phase-C with 15% of unbalanced voltage while other two phases with nominal voltage.
4.
Phase-C with 21% of unbalanced voltage while other two phases with nominal voltage.
Experimental characteristics of new series of harmonic
The plot in Figures 17-19 illustrates the experimental characteristics in a new series of rotor harmonic for unbalanced voltage, respectively, with increasing degree of the unbalanced voltage of 7.5, 15, and 21%. It is obvious from the experimental computed result that there is a direct impact of unbalanced voltage on the amplitude of new rotor harmonics. With increasing unbalanced voltage, there is a direct increase in the amplitude of new series of harmonics in phase-A and phase-B, while there is a decrease in the amplitude of phase-C, which reflects that the unbalanced is in phase-C. Despite the difference in values, the evolution in the amplitude of plotted curves against increasing percentage of unbalanced voltage is an indicator to the permutation in the increasing degree of unbalanced voltage.
Training results
A number of input and output data set are processed during the learning phase. Thus, a series of training data set is fed to the ANN. The training data is extracted from the current signature and the targeted input database (I-i) with corresponding output database (S-i). Using the NN structure with two inputs, four outputs, and 10 hidden neurons, as shown in Figure 16 , the classifier is trained on the experimental data shown in Figures 17-19 .I ti s obvious that satisfactory training results are achieved. From Figure 20 , it can be perceived that mean squared error (MSE) reached to 4.63 × 10 À09 after 1000 epochs. The corresponding MSE shows that successful classification is accomplished with low errors.
Test results
The objective of test results is to evaluate the feasibility and accuracy of the NN. Thus, to test the performance of proposed method, random and successive range of data is fed to ANN classifier with 20 examples of each case. From the MSE results, it can be analyzed that error is very low, and this is the indication that the proposed ANN model has correctly classified all the classes. Usually, the classifier performance is evaluated by estimating its generalization error. However, in many cases the low value of error is not enough to judge and ensure that the features were correctly learnt because too low error can also refer that the network has over fitted the data [31] . 
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To properly classify the network performance Receiver Operating Characteristic (ROC) and confusion matrix are presented in this work. The ROC curve is a two-dimensional measurement that represents the classifier performance rate. It expresses the probability rate of corrected samples classified versus misclassified ones. In practice, ROC curve shows performance of proposed method through area under the curve. The performance Figure 21 . ROC curve w.r.t. (a) balanced-unbalanced 7.5%, (b) balanced-unbalanced 15%, (c) balanced-unbalanced 21%, (d) unbalanced 7.5%-unbalanced 15%, (e) unbalanced 7.5%-unbalanced 21%, (f) unbalanced 15%-unbalanced 21%.
of the network depends on the trade-off between robustness and sensitivity. The robustness and sensitivity of proposed techniques can be discovered through a series of experiments. ROC curve is carried out to detect and evaluate the proposed methodology that how efficiently propose technique diagnoses the level of unbalanced voltage supply. The ROC curve can be evaluated for each class to extract the performance against that particular class. From Figure 21 , the ROC graph shows the trade-off between the probabilities of true positives rate (tpr) versus the probability of false positives rate (fpr). From ROC curve of each class, it can be seen that for all the classes the curve is closer to the top left corner which demonstrate that area under the curve is higher and the proposed method has efficiently diagnosed the level of unbalanced voltage supply. Mathematically, tpr and fpr can be expressed as Further, confusion matrix is constructed of each class to report the performance of a classifier. In Table 3 , a confusion matrix is presented with dimension defined by the number and the type of classes. For clarification, the headings pointed out in confusion matrix of Table 3 are defined as follows: 0 balanced voltage supply, 1 7.5% unbalanced voltage supply, 2 15% unbalanced Table 3 . Confusion matrix of (a) balanced-unbalanced 7.5%, (b) balanced-unbalanced 15%, (c) balanced-unbalanced 21%, (d) unbalanced 7.5%-unbalanced 15%, (e) unbalanced 7.5%-unbalanced 21%, (f) unbalanced 15%-unbalanced 21%.
voltage supply, and 3 21% unbalanced voltage supply. The percentage of proper or correct identification of unbalanced voltage is represented in the major diagonal, while the out of major diagonal represents the errors (means the confusion) among the various classes. The results of confusion matrix demonstrate high degree of accuracy that shows that the classification associated with the use of proposed method is reliable to diagnose and distinguish between different levels of unbalanced voltage supply. The overall accuracy of proposed model is 85%, which is a big achievement.
The synthesis of the proposed work helps to conclude the feasibility and efficiency through the accuracy of the result that how close the ANN results are to the actual results. In this work, it is illustrated through experimental and classifier work that how accurate the proposed method is in locating the degree of unbalanced voltage. Moreover, the proposed method is robust and can be suggested to demonstrate the health of any motor.
